





























Senior Honors Thesis 
Department of Geography 
University of North Carolina at Chapel Hill 
 
 





             Approved: 
 
             Dr. Paul Delamater, Thesis Advisor 
          
        Dr. Michael Emch, Reader   
 2 
Abstract 
Childhood vaccination in the United States continues to be a pressing issue, as vaccine 
hesitancy and low levels of vaccine uptake have led to a number of outbreaks. Prior to the 2017 
school year, Pennsylvania’s vaccination policy was updated with the intention of reducing the 
state’s provisional entrance rate and in turn improving vaccination rates among kindergarteners. 
The new policy reduced the grace period, the timeframe in which provisional entrants must 
become up-to-date or submit a schedule for becoming up-to-date, from 8 months to 5 days. This 
project explores the policy’s impact on the global and local clustering of county-level provisional 
entry rates as well as the relationship between community-level factors and provisional entry 
rate. Vaccination data for the 2015-16 to 2018-19 school years were obtained from the 
Pennsylvania Department of Health, and demographic data were gathered from 2014-2018 
American Community Survey. Clustering of county-level kindergarten provisional entry rates 
was not detected prior to the new policy; however, clustering was detected after, suggesting that 
the policy had a variable impact across counties. Linear regression models indicated that percent 
White population was consistently a negative predictor of provisional entry rate before and after 
the policy change. The models also suggested that communities with more adults with less than a 
high school diploma had a smaller decrease in provisional entry rate. The predictor variables 
(percent White population, percent adults with less than a high school diploma, and insurance 
coverage) better captured provisional entry rate following the implementation of the new policy. 
Pennsylvania’s vaccination policy update resulted in a more predictable distribution of 
provisional entry rates. Future vaccination campaigns to discourage provisional entrance may 
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Widespread vaccination has been implemented since the nineteenth century to manage a 
range of infectious diseases, dramatically reducing or even eliminating cases of vaccine-
preventable diseases (VPDs) such as polio and smallpox (Plotkin, 2008). Widespread 
vaccination efforts are essential to maintaining herd immunity, the protection of a population 
from disease resulting from a large portion of that population being immune (Fine, 1993). 
In the United States, vaccination is enforced through school entry requirements. Students 
must be up-to-date on their required vaccinations in order to attend school. A student is up-to-
date if they have completed their vaccination requirements in accordance with state policy, 
which is typically based on the Centers for Disease Control and Prevention’s recommended 
immunization schedule (Centers for Disease Control and Prevention, 2021). State policies have 
been effective in ensuring high vaccination rate and in turn herd immunity, preventing outbreaks 
of VPDs (Fine, 1993). 
While the majority of students are up-to-date when they enroll, this is not the case for all 
students. Students who are not up-to-date may utilize one of three pathways in order to attend 
school: medical exemption, nonmedical exemption, or provisional entrance. Medical exemptions 
are granted to students who are unable to receive a vaccine due to a medical condition. 
Nonmedical exemptions include personal, philosophical, and religious exemptions. Provisional 
entrance is generally granted to children who have started but not completed a multiple-dose 
vaccine series and allows them to become up-to-date within a specified grace period. 
Vaccination requirements are enforced at the state level and the grace period requirements – such 
as how long the grace period is and what actions are required during this period – vary by state. 
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Recent research on vaccination among school-age children has been largely focused on 
nonmedical exemptions, leaving less understood about provisional entry rates. In 25 states, the 
majority of students who were not up-to-date during the 2018-19 school year were nonexempt 
(Seither et al., 2019). Studying the dynamics of provisional entrance is necessary in order to 
build a more thorough understanding of this pathway, and in turn vaccination gaps. 
Vaccination policy is a dynamic environment, as states are constantly adjusting their 
vaccination policies (King et al., 2020). Between 2015 and 2017, eleven states updated their 
vaccination policies (King et al., 2020). These policy adjustments trend towards restricting 
exemption and provisional entrance availability in efforts to improve vaccination coverage. 
Between 2009 and 2012, states did not pass any of the 30 bills introduced expanding exemptions, 
however they did pass 3 of the 5 bills introduced restricting exemptions (Omer et al., 2014). 
Of the states that reported kindergarten provisional entrance rates for the 2016-17 school 
year, Pennsylvania had the highest rate at 8.1 percent (Seither et al., 2017). Pennsylvania enacted 
a new policy prior to the 2017-18 school year reducing the provisional grace period from 8 
months to 5 days in an effort to reduce its provisional entrance rate. Mohanty et al. (2019) 
explored the policy’s impacts on the state’s overall provisional entry rates, finding a large albeit 
geographically variable decrease (11.5% to 2.5%) in provisional entrance among the counties. 
Despite the policy’s effectiveness in reducing provisional entry rate, 24 of Pennsylvania’s 67 
counties had kindergarten provisional entry rates exceeding nonmedical exemption rates during 
the 2018-19 academic year. Provisional entrance remains a noteworthy contributor to 
undervaccination in Pennsylvania. 
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This study explores the underlying patterns associated with vaccination uptake and how 
they are impacted by policy change in Pennsylvania. Specifically, this thesis answers the 
following two questions:  
1. Did the overall geographic pattern and location of clusters of counties with high 
provisional entry rates change in response to a more restrictive vaccination policy?  
2. What community-level attributes are associated with provisional entry rate in 




Compulsory vaccination of school children has been effective in ensuring herd immunity 
and protecting the community from VPDs (Fine, 1993). When vaccination rates are low, 
communities are at increased risk of outbreaks. A Colorado study found that schools with 
pertussis outbreaks had more exempt students than schools without outbreaks (Feikin et al., 
2000). Since kindergarten is a significant milestone for vaccination progress, and vaccination 
policy focuses on kindergarteners as one of the primary age groups (the other being middle 
schoolers), kindergarten vaccination uptake is a useful measure for vaccine coverage (King et al., 
2020). 
A child is undervaccinated when they are not up-to-date on their vaccinations. (Luman et 
al., 2005). Undervaccination is present among kindergarteners of various sociodemographic 
backgrounds. Typically, a child may be not up-to-date for one of two common reasons: parents 
are either vaccine-hesitant or facing healthcare barriers preventing their children from becoming 
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vaccinated. MacDonald (2015) defines vaccine hesitancy as a “delay in acceptance or refusal of 
vaccination despite availability of vaccination services.” 
Vaccine hesitancy can occur because people distrust institutions or there can be 
complacency stemming from low infection rates, among other causes (Dubé & MacDonald, 
2016). Previous research has found that parents utilizing nonmedical exemptions are more likely 
to be White, higher income, and vaccine-hesitant (Wang et al., 2014). In California, personal 
belief exemptions are more common in areas with higher proportions of White and higher 
income communities (Yang et al., 2016). 
Alternatively, provisional entrance is typically utilized by parents facing barriers to 
vaccination access. Barriers include missed opportunities for vaccination, limited healthcare 
access (e.g. little transportation, a busy work schedule, or no insurance), and a lack of public 
awareness of vaccination requirements (Glanz et al., 2013). These barriers are more commonly 
experienced by non-White and lower income parents (Smith et al., 2005). Another significant 
contributor to undervaccination is missed opportunities for vaccination, which occurs when a 
child is not up-to-date for a specific vaccine despite attending a vaccine visit prior to the deadline 
(Luman & Chu, 2009). The majority of U.S. children who did not receive the measles vaccine in 
2013 were not vaccinated due to reasons other than vaccine hesitancy (Smith et al., 2015). 
Another element to consider in the childhood vaccination landscape is the Vaccines for 
Children (VFC) program, a national program from the Centers for Disease Control and 
Prevention (CDC) ensuring free vaccination for children from lower-income, uninsured 
households (Centers for Disease Control and Prevention, 2016). Within this program, the CDC 
purchases and distributes vaccines to VFC providers, who then administer the vaccines to 
children enrolled in the VFC program (Centers for Disease Control and Prevention, 2016). 
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State vaccination policy has been a valuable tool for ensuring high vaccination rates 
among students. Every state requires that children are up-to-date at the time of school entry.  
California enacted two policy changes in which the state made personal belief exemptions more 
difficult to obtain in 2014 before eliminating them entirely via SB 277 in 2016. These policy 
changes resulted in a significant decrease in kindergarteners using the personal belief exemption 
pathway (Buttenheim et al., 2018). Policies like these are accompanied by risk of potential 
backlash (Cawkwell & Oshinsky, 2015). The 2016 California policy SB 277, for instance, 
resulted in a replacement effect in which parents who were no longer able to opt for personal 
belief exemptions switched to other alternative pathways (Delamater et al., 2019). 
Improving vaccine uptake among school-age children by reducing nonmedical 
exemptions is a difficult task. Vaccine refusal is complex, and efforts to correct it must navigate 
the numerous components of vaccine hesitancy. Policies making exemptions more difficult to 
obtain may simply encourage parents to explore other alternative entry pathways for their 
children. Campaigns aggressively encouraging vaccination may backfire and straightforward 
rationalistic education on the benefits of vaccination have been largely ineffective (Dubé & 
MacDonald, 2016). Focusing on reducing provisional entry rate may be an easier and more 
effective approach to reducing undervaccination in schools. 
This project focuses on Pennsylvania, a culturally diverse state. Pennsylvania houses the 
United States’ sixth-largest city, Philadelphia (The United States Census Bureau, 2019). The 
state is also one of the country’s top three states in terms of Amish population (Young Center for 
Anabaptist and Pietist Studies, 2020). As of 2019, the state’s population was 81.6% White, the 
median household income was $61,744, and 90.5% of adults had at least a high school diploma 
(The United States Census Bureau, n.d.-b). In Philadelphia County, as of 2019, the population 
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was 44.8% White, the median household income was $45,927, and 84.7% of the adult population 
had a high school diploma or higher (The United States Census Bureau, n.d.-c). Other than the 
areas surrounding Pittsburgh and Philadelphia, the state is largely rural. 
Pennsylvania’s policy change prior to the 2017-18 school year – in which the grace 
period for provisional entrants was reduced from 8 months to 5 days – was followed by a 
statewide decrease in provisional entry rate from 11.5% to 2.5% within the first year of its 
implementation (Mohanty et al., 2019). This decrease was geographically variable, as some 
counties had a more dramatic decrease in provisional entry rate than others. Philadelphia County 
had the lowest reduction (12.5% to 10.4% within the first year) in provisional entry rate 
following the policy, other than Montour County, where the provisional entry rate increased. 
Allegheny County, the other large metropolitan county which houses Pittsburgh, did have a 
substantial decrease in provisional entrance rate from 4.3% in 2016-17 to 0.8% in 2017-18. 
There was no apparent replacement effect following the policy, as the policy was followed by an 
increase of up-to-date students and exemptions did not significantly increase. 
There are various potential explanations, outlined by Mohanty et al. (2019), for 
Philadelphia’s small decrease in provisional entry rate. One potential reason is a shortage of 
school nurses. Due to financial cuts, the School District of Philadelphia was facing a shortage of 
school nurses the years prior to the policy’s enactment in 2017 (Klein, 2014). Nurses in urban 
school systems play an important role in ensuring high immunization rates and accurate health 
records (Baisch et al., 2011). Also, since the state vaccination policy specifies that noncompliant 
students “may be excluded from school,” schools must weigh the competing priorities of high 
attendance rates and vaccination policy enforcement. (Immunization Requirements, 2017). 
Another contributor could be temporary waivers, available to transfer students, homeless 
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students, and students affected by natural disasters (Mohanty et al., 2019). Finally, vaccination 
access barriers may be more prevalent in Philadelphia County. Compared to other Pennsylvania 
counties, Philadelphia County had the second highest child poverty rate in 2017 and the highest 
percentage of children covered by Medicaid in 2016 (Children in Poverty in Pennsylvania, n.d.; 
“Percent of Children Covered by Medicaid/CHIP by County, 2012-2016,” 2018). 
In 2018, a survey was administered to Philadelphia healthcare providers to receive their 
input on the new policy. While there was an increase in vaccination appointments following the 
policy, most respondents (68%) indicated that their offices were able to handle this increase 
(Srivastava et al., 2020). The majority (57%) of Philadelphia healthcare providers indicated that 
parents were unaware of the vaccination requirements, highlighting the necessity for better 
communication between schools and parents. 
Populations have geographical components, such as neighborhoods and interactions, that 
impact herd immunity and allow clusters of undervaccination to emerge (Fine, 1993). 
Populations are not homogeneous and it is important to consider the geographic variation in 
behavior, which plays a large role in the spread of disease (Lieu et al. 2015). Previous studies 
have found significant overlap between children with nonmedical exemptions and outbreaks of 
VPDs. In California, clusters of nonmedical exemptions significantly overlapped with pertussis 
outbreaks, specifically the pertussis resurgence in 2010 (Atwell et al. 2013). Students who enroll 
provisionally contribute to undervaccination within schools, as they are not fully vaccinated 
during the beginning of the school year. Schools with high provisional entry rates could 
potentially face an increased risk of VPD outbreaks due to this undervaccination. 
While there was a dramatic decrease in statewide provisional entry rate in Pennsylvania 
following the policy update, this trend was not observed in Philadelphia County. The 
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undervaccination resulting from high provisional entry rates could jeopardize herd immunity 




The county level vaccination data were gathered from the Pennsylvania Department of 
Health at the county level for kindergartners enrolled during the school years 2015-16 through 
2018-19 (“Pennsylvania Department of Health Programs, Services and Health Information,” 
n.d.).  All 67 counties were included in this data. School level vaccination data, including 
elementary and middle schools, (n = 3,201) were also obtained directly from the Department 
upon request. Schools with an enrollment of less than 20 students were not included in the 
school-level data. At both the county and school levels, for each of the four school years, these 
data include kindergarten enrollment, exemptions, provisional entries, and the number of 
students up-to-date for each required vaccine. These required vaccines are diphtheria, tetanus and 
pertussis (DTP); measles, mumps, and rubella (MMR); varicella; hepatitis B; and polio.  
Sociodemographic data at the county (n = 67), tract (n = 3,218), and block group (n = 
9,740) levels were garnered from the 2014-2018 American Community Survey (ACS) through 
the National Historical Geographic Information System (NHGIS) (Manson et al., 2020). 
Variables within this dataset include race, median household income, adult education level, 
insurance coverage, and urban/rural composition. 
Lastly, a Pennsylvania counties shapefile, created by the Pennsylvania Department of 
Transportation, was acquired from The Pennsylvania Geospatial Data Clearinghouse (The 
Pennsylvania Geospatial Data Clearinghouse, n.d.). Pennsylvania block group and tract 
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shapefiles were obtained from the U.S. Census Bureau (The United States Census Bureau, n.d.-
a). 
Data Preparation 
The school-level vaccination data were geocoded to spatial point data using school 
addresses. The school data was filtered to only contain elementary schools. There were 2,097 
elementary schools in the original school dataset. Schools that were unable to be geocoded or 
missing vaccination data were removed. After exclusions, the final school-level kindergarten 
vaccination dataset had 2,072 observations. 
Within the vaccination data, new variables were calculated: the proportions of each 
variable, pooled variables representing before and after the policy, and a variable for change in 
provisional entries. The proportion variables were calculated by dividing count by total 
enrollment. Also, the proportion of nonmedical exemptions was calculated by adding the 
proportions of medical and religious exemptions. The proportional exemption, provisional, and 
vaccine-specific variables were also pooled to represent the two years prior to the policy’s 
enactment in 2017 and the two years following. These variables were pooled to provide stability 
and reduce noise that would result from year-to-year fluctuations. Finally, a change in proportion 
of provisional entrances variable was calculated by subtracting the ‘before’ provisional entry rate 
variable from the ‘after’ provisional entry rate variable. Thus, a positive ‘change’ value would 
indicate an increase in provisional entry rate following the policy and a negative ‘change’ value 
would indicate a decrease in provisional entry rate following the policy.  
Within the socioeconomic data, the proportions for the race, education, and insurance 
variables were calculated by dividing count by overall population. 
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The analysis was completed at various scales in order to avoid bias resulting from the 
modifiable areal unit problem. In order to do so, the sociodemographic and vaccination data were 
joined using several approaches. These approaches include using a spatial join to add the block 
group and tract sociodemographic attributes to each school, as well as aggregating the school 
data so that both the vaccination and sociodemographic variables are at the block group and tract 
levels. The data used to build the regression models consisted of four unique levels: school level 
with block group sociodemographic attributes (n = 2,072), school level with tract 
sociodemographic attributes (n = 2,072), block group level (n = 1,895), and tract level (n = 
1,648). The aggregated datasets only included the block groups and tracts containing schools. 
The block group and tract level data were joined to the block group and tract shapefiles, 
respectively. In addition to the four statewide data sets, four subsets were created by limiting the 
extent to Philadelphia. The school-level Philadelphia datasets both had 273 observations. The 
block group and tract level Philadelphia datasets, respectively, had 241 and 201 observations. 
Global and Local Clustering 
To address the first question, on how the geographic clustering of provisional entry 
changed in response to the introduction of the new policy, county-level global and local spatial 
cluster analyses were conducted. Specifically, the global Moran’s I and Local Indicators of 
Spatial Association (LISA) statistics were calculated for each school year from 2015-16 to 2018-
19. Neighbors were defined using the queen definition, in which counties whose borders touch at 
a vertex or line are considered neighbors. 
Moran’s I describes global autocorrelation, and these results provide insight into how 
clustered the data were throughout the state, as well as how this level of clustering changed over 
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time. For each of the four school years, the Moran’s I statistic was calculated for exemptions, 
provisional entries, and the amount of students up-to-date for each vaccine. 
The LISA statistic is useful to identify where there is clustering within the state (Anselin 
1995). The degree of autocorrelation, or similarity to its neighbors, for each county was 
calculated using the LISA statistic along with a p-value. The LISA statistic was calculated on 
county-level provisional entrance rate. This method may label some counties as “high-high,” 
where the observation is high and has high neighbors, “high-low,” where the observation is high 
and has low neighbors, or “low-high” or “low-low” (with similar definitions as the former two 
but with low observations). For example, a “high-high” county would have a relatively high 
provisional entry rate and have neighboring counties with high provisional entry rates. 
In order to determine how different neighborhood definitions affected the results, the 
Moran’s I analysis was conducted using various neighborhood definitions for two variables, 
proportion of students not up-to-date on the MMR vaccine and the proportion of provisional 
entrants. This neighborhood analysis did not utilize any other variables. The results from this 
brief neighborhood analysis returned slight variation in the Moran’s I statistic depending on 
neighborhood definition, but this variation was not significant to the point where it would affect 
the observed trends. 
Regression 
To address the second research question, on the relationship between community-level 
factors and provisional entry rate, regression models were utilized. Ordinary Least Squares 
(OLS) models were constructed with different outcome variables: provisional entrance rate 
before the policy, provisional entrance rate after the policy, and change in provisional entrance 
rate following the policy. These models used the following explanatory variables: proportion 
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White population, proportion of adults over 25 with less than a high school diploma, and 
proportion insured population. Other explanatory variables, such as median household income 
and proportion of adults with a graduate degree, were tested; however, these alternative models 
had lower counts of significant coefficients and were not used in the final analysis. Also tested 
were models weighted by enrollment. However, the output from these weighted models was 
similar to the original unweighted output so they were not used. 
For each outcome variable, four different models were constructed, where each model 
differed in the level of the data (school level with block group attributes, school level with tract 
attributes, block group level, and tract level). With three different outcome variables, and four 
different levels, twelve models were constructed. Further, twelve more models were constructed 
using Philadelphia-only data and are otherwise identical to the previously mentioned twelve 




Table 1. The extents, scales, and outcome variables of the regression models. Each 
combination of extent, scale, and outcome is explored in the analysis with a total of 24 
models.  
 
The models excluded observations missing data for any of the variables. The number of 
observations used for each model are displayed in Table 2. 
Extents Scales Outcome variables
Pennsylvania Schools (with block group attributes) Provisional entrance (%) before policy
Philadelphia Schools (with tract attributes) Provisional entrance (%) after policy




Table 2. The outcome variables, extents, scales, and observations of the models. 
 
To assess whether spatial relationships were present among each OLS model’s residuals, 
thereby violating the OLS model assumption that all observations are independent, the Moran’s I 
statistic was calculated on each of the models’ residuals. For models where the Moran’s I value 
exceeded 0.099, a spatial error model was used in place of the original OLS model. Spatial error 




Outcome variable Extent Scale Observations (n)
Provisional entries (%) before Pennsylvania School (block group) 1,519
Provisional entries (%) before Pennsylvania School (tract) 1,519
Provisional entries (%) before Pennsylvania Block group 1,806
Provisional entries (%) before Pennsylvania Tract 1,585
Provisional entries (%) before Philadelphia School (block group) 127
Provisional entries (%) before Philadelphia School (tract) 127
Provisional entries (%) before Philadelphia Block group 211
Provisional entries (%) before Philadelphia Tract 179
Provisional entries (%) after Pennsylvania School (block group) 1,505
Provisional entries (%) after Pennsylvania School (tract) 1,505
Provisional entries (%) after Pennsylvania Block group 1,775
Provisional entries (%) after Pennsylvania Tract 1,572
Provisional entries (%) after Philadelphia School (block group) 157
Provisional entries (%) after Philadelphia School (tract) 157
Provisional entries (%) after Philadelphia Block group 223
Provisional entries (%) after Philadelphia Tract 189
Provisional entries (%) change Pennsylvania School (block group) 1,291
Provisional entries (%) change Pennsylvania School (tract) 1,291
Provisional entries (%) change Pennsylvania Block group 1,687
Provisional entries (%) change Pennsylvania Tract 1,510
Provisional entries (%) change Philadelphia School (block group) 101
Provisional entries (%) change Philadelphia School (tract) 101
Provisional entries (%) change Philadelphia Block group 194







































Figure 1. The pooled provisional entry rate of Pennsylvania counties two years before (a) 
and after (b) the policy was implemented in 2017, as well as the change (c) in provisional 
entrances (after - before). 
 
























Figure 2. The pooled provisional entry rate of Pennsylvania tracts two years before (a) and 
after (b) the policy was implemented in 2017, as well as the change (c) in provisional 
entrances (after - before). 
 
The Philadelphia tract-level provisional entry rates used in the regression analysis are 














































   
 
Figure 3. The pooled provisional entry rate of Philadelphia tracts two years before (a) and 
after (b) the policy was implemented in 2017, as well as the change (c) in provisional 
entrances (after - before). 
 
The Pennsylvania tract-level socioeconomic variables used in the regression analysis are 

























Figure 4. Percent White population (a), percent adults without a high school diploma (b), 
and percent insurance coverage (c) in Pennsylvania tracts. These data are from the 2014-
2018 American Community Survey (ACS). 
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The Philadelphia tract-level socioeconomic variables used in the regression analysis are 






























Figure 5. Percent White population (a), percent adults without a high school diploma (b), 
and percent insurance coverage (c) in Philadelphia tracts. These data are from the 2014-




The Moran’s I statistic for provisional entry rate increased from its 2016-17 to 2017-18 
value. This indicates that, following the implementation of the policy, the spatial distribution of 
provisional entry rates became more clustered. 
The Moran’s I statistic for the exemption and provisional entry variables decreased from 
2017-18 to 2018-19 (Figure 6). These decreases range from about 0.07 to 0.14. The values of 
each calculated Moran’s I were low, indicating a random spatial pattern, and these drops were 
not dramatic. However, the drops indicate that the level of clustering for each variable decreased 
between these two school years. For three out of five of these variables, the Moran’s I values 











Figure 6. The Moran’s I statistic for county-level percent provisional entrants and 
exemptions (medical, religious, philosophical, and nonmedical) among kindergarteners for 
the 2015-16 to 2018-19 school years. 
 
The Moran’s I values for students not up-to-date on the required vaccines are higher than 
those of exemptions and provisional entries, indicating slightly more clustering for these 
variables (Figure 7). However, these Moran’s I values are still fairly low throughout the years, 




Figure 7. The Moran’s I statistic for percentage of kindergarteners not up-to-date on each 
required vaccine for the 2015-16 to 2018-19 school years. These statistics were calculated at 
the county level with queen definition neighbors. 
 
 The Moran’s I of students not up-to-date on the DTP vaccine and students not up-to-date 
on the Varicella vaccine increased from 2016-17 to 2018-19 by 0.198 and 0.092, respectively. 
These values indicate a relatively dramatic increase in clustering from the year before the policy 
was introduced to two years after its introduction. 
Overall, other than the uniform decrease between 2017-18 and 2018-19 for the variables 
in Figure 6, there were no overall trends in Moran’s I. All of the Moran’s I values ranged from -
0.1 to 0.2, which are all close to 0. 
Local Clustering 
 
Before the policy was implemented in 2017-18, there were no significant clusters of high 
or low provisional entry rates. In 2017-18, the year directly following the policy’s 
implementation, there are six counties within detected clusters, two of which are low, and four of 
which are high (Figure 8). The following year, 2018-19, there are only two counties detected 
within a high cluster and none within a low cluster. The decrease in number of counties detected 
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within a cluster suggests that the policy had an uneven impact on counties the year directly 
following the policy, and the following year this impact was less variable. 
Figure 8. The LISA statistics for percent provisional entrants among kindergarteners for 
the 2015-16 to 2018-19 school years. These statistics were calculated at the county level with 
queen definition neighbors. 
 
The emergence of high and low clusters of provisional entry rates after the policy was 
implemented indicates that the policy impacted the counties differently. In general, following the 
policy, there were relatively lower provisional entry rates in the northwestern counties and higher 
rates in the eastern counties. A low cluster may indicate an area where the policy was more 
effective in decreasing provisional entry rates, while a high cluster may reflect an area where the 
policy was less effective. The two low counties in 2017-18 are Forest and Elk (left to right in 
Figure 8). Table 3 outlines some characteristics of these counties, including rural composition, 
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sociodemographic information, and nonmedical exemption rates. 
 
Table 3. Characteristics of Forest and Elk Counties. The median household incomes 
displayed are rounded to the nearest $10,000. 
 
 The four high counties in the two years following the policy’s implementation are 
Lackawanna, Carbon, Philadelphia, and Delaware (top to bottom in Figure 8). Some 
characteristics of these counties – including rural composition, sociodemographic information, 
and nonmedical exemption rates – are displayed in Table 4.  
 
Table 4. Characteristics of Lackawanna, Carbon, Philadelphia, and Delaware Counties. 









Forest County Elk County
Rural (%) 100.00 55.68
White (%) 75.82 98.12
Adults without a high school diploma (%) 17.58 7.69
Median household income ($) 38,000 52,000
Nonmedical exemptions before policy (%) 2.00 0.94









Rural (%) 16.31 47.16 0.00 0.46
White (%) 89.65 93.75 36.87 71.10
Adults without a high school diploma (%) 9.13 10.36 16.07 7.19
Median household income ($) 52,000 55,000 48,000 81,000
Nonmedical exemptions before policy (%) 1.10 1.50 0.67 0.86
Nonmedical exemptions after policy (%) 1.50 2.10 0.83 1.20
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Regression 
Twelve Pennsylvania and twelve Philadelphia models were constructed. Five of the OLS 
Pennsylvania models were replaced with spatial error models, since the original models had 
spatially autocorrelated residuals (Table 5).  
 
Table 5. The summaries of the Pennsylvania regression models where the percent White 
population (WHITE), percentage of adults with less than a high school diploma (EDltHS), 
and insurance coverage (INS) predict provisional entry rate (PROV) before and after the 
policy was implemented, as well as the change in provisional entry rate. Five of these 
models are spatial error models and have entries in the lambda (λ) column. Significant (p < 
.05) coefficients are bold. 
 
In the Pennsylvania models, percent White population was consistently a significant 
negative predictor of provisional entry rate before and after the policy was implemented, slightly 
increasing in magnitude following the policy. The percentage of adults without a high school 
diploma, while not a significant predictor of provisional entrance before the policy, was 
consistently a significant positive predictor of provisional entrance following the policy. The 
insurance coverage variable was not significant in any of the state models.  
Since percent White population was inversely correlated with percent Black population 
(with a correlation coefficient of -0.93), the coefficients for this variable can be interpreted as the 
inverse for the variable percent Black population. 
Outcome variable Scale Intercept WHITE p EDltHS p INS p R
2
λ p
PROV (%) before School (bg) 0.038 -0.052 <0.001 0.049 0.110 0.066 0.085 0.096 0.062 <0.001
PROV (%) before School (tract) 0.049 -0.057 <0.001 0.036 0.401 0.061 0.302 0.095 0.061 <0.001
PROV (%) before Block group 0.079 -0.067 <0.001 -0.003 0.922 0.045 0.209 0.034
PROV (%) before Tract 0.060 -0.059 <0.001 0.033 0.407 0.052 0.366 0.030 0.009 0.425
PROV (%) after School (bg) 0.062 -0.071 <0.001 0.068 <0.001 0.012 0.638 0.128
PROV (%) after School (tract) 0.012 -0.078 <0.001 0.094 <0.001 0.069 0.070 0.131
PROV (%) after Block group 0.085 -0.072 <0.001 0.096 <0.001 -0.009 0.770 0.092
PROV (%) after Tract 0.015 -0.078 <0.001 0.138 <0.001 0.064 0.161 0.121
PROV (%) change School (bg) 0.002 0.007 0.556 -0.009 0.771 -0.055 0.152 0.036 0.045 <0.001
PROV (%) change School (tract) -0.024 0.006 0.608 0.036 0.394 -0.032 0.592 0.039 0.046 <0.001
PROV (%) change Block group 0.005 -0.019 0.083 0.082 0.013 -0.039 0.364 0.014
PROV (%) change Tract -0.071 -0.016 0.149 0.138 0.001 0.033 0.602 0.017
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Several variables significantly predicted change in provisional entry rate in the state 
models. Since change in provisional entry rate variable was calculated by subtracting the ‘before’ 
rate from the ‘after’ rate, a more negative ‘change’ value indicates a larger decrease in 
provisional entry rate. If a variable is positively associated with change in provisional entrances, 
it is associated with a smaller decrease in provisional entry rate. 
In two of the four Pennsylvania models predicting change in provisional entry rate, the 
education variable was a significant positive predictor of change in provisional entry rate, 
suggesting that less educated areas had a smaller decrease in provisional entry rate. Neither 
percent White population nor insurance coverage were significant predictors of change in 
provisional entry rate. 
The model fits (R2 values) of the Pennsylvania models range from 0.014 to 0.131. The 
models predicting provisional entry rate after the policy was enacted have higher fits than the 
models predicting provisional entry rate before the policy was enacted.  
There was no problematic spatial autocorrelation among the Philadelphia models’ 
residuals (Table 6). In four of the eight Philadelphia models predicting provisional entry rate 
before and after the policy, percent White population was a significant negative predictor. 
Generally, the magnitude of the percent White variable was slightly higher in the ‘after’ models 
than the ‘before’ models. The percentage of adults without high school diplomas, while not a 
significant predictor of provisional entry rate before or after the policy, was negatively associated 
with provisional entrance before the policy and positively associated with provisional entrance 
after the policy. Insurance coverage was not a significant predictor of provisional entrance before 
or after the policy.  
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Table 6. The summaries of the Philadelphia regression models where the percent White 
population (WHITE), percentage of adults with less than a high school diploma (EDltHS), 
and insurance coverage (INS) predict provisional entry rate (PROV) before and after the 
policy was implemented, as well as the change in provisional entry rate. Significant (p < 
.05) coefficients are bold. 
 
In two of the four Philadelphia models predicting change in provisional entry rate, 
percentage of adults without a high school diploma was a significant positive predictor. 
Insurance coverage was significant for one of the Philadelphia models predicting change in 
provisional entry rate, however it was not significant in any other models. 
The model fits (R2 values) of the Philadelphia models range from 0.031 to 0.103. Among 
the models using school-level data, the models predicting provisional entry rate after the policy 
had higher fits than those predicting provisional entry rate before the policy was enacted. The 
opposite was true among the models using data at the block group and tract levels, where models 
predicting provisional entry rate after the policy was enacted had smaller fits than those 




Outcome variable Scale Intercept WHITE p EDltHS p INS p R
2
PROV (%) before School (bg) -0.007 -0.064 0.085 -0.100 0.290 0.146 0.440 0.031
PROV (%) before School (tract) 0.123 -0.072 0.059 -0.226 0.113 0.033 0.928 0.048
PROV (%) before Block group 0.054 -0.105 <0.001 -0.073 0.323 0.093 0.476 0.069
PROV (%) before Tract 0.088 -0.113 <0.001 -0.168 0.082 0.073 0.720 0.103
PROV (%) after School (bg) 0.220 -0.062 0.027 0.074 0.350 -0.146 0.273 0.082
PROV (%) after School (tract) -0.005 -0.076 0.013 0.086 0.448 0.105 0.686 0.058
PROV (%) after Block group 0.240 -0.017 0.614 0.174 0.061 -0.189 0.259 0.045
PROV (%) after Tract 0.090 -0.036 0.306 0.229 0.086 -0.029 0.920 0.047
PROV (%) change School (bg) 0.402 0.070 0.049 0.039 0.665 -0.502 0.007 0.096
PROV (%) change School (tract) 0.593 0.070 0.056 0.056 0.686 -0.719 0.050 0.089
PROV (%) change Block group 0.244 0.079 0.070 0.245 0.038 -0.337 0.123 0.060
PROV (%) change Tract -0.112 0.076 0.085 0.454 0.007 0.014 0.969 0.066
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Discussion 
Pennsylvania’s 2017 policy change, which reduced the grace period for provisional entrants 
from 8 months to 5 days, appears to have resulted in more structured patterns of provisional 
entrance among kindergarteners. The spatial distribution of county-level provisional entry rates 
was random within the two years prior to the policy and some degree of clustering emerged in 
the two years following the policy’s implementation. Also, information on percent White 
population and percent adults with less than a high school diploma became more useful in 
predicting provisional entry rate following the implementation of the new policy. 
The policy change was very effective in reducing statewide kindergarten provisional entry 
rate, which decreased from 11.5% in 2016-17 to 2.5% in 2017-18 (Mohanty et al., 2019). The 
success of this policy change indicates that reducing the grace period for provisional entrants 
may be an effective method for improving vaccination coverage among students. Policies 
targeting provisional entrance do not face the same barriers as policies aimed at reducing 
nonmedical exemptions, as parents who utilize provisional entrance are usually not vaccine-
hesitant. Reducing provisional entry rate would improve vaccination coverage among schools, 
further protecting them from outbreaks of VPDs. Other states may consider implementing 
similar policies in order to improve vaccination coverage among school-age children. 
Previous research has indicated that regions with higher rates of nonmedical exemptions tend 
to have a higher percent White population (Yang et al., 2016). The findings from this project 
indicate that the opposite is true for provisional entrants; areas with higher provisional entry rates 
tend to have a lower percent White population. Given the inverse relationship between percent 
White and percent Black population in Pennsylvania, this could also be interpreted as follows: In 
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areas with a higher percent Black population, there were higher provisional entry rates. 
Vaccination barriers are faced more often by non-White parents (Smith et al., 2005). 
Insurance coverage did not appear to have played a large role in the policy’s effectiveness. If 
insurance coverage had been a significant predictor of provisional entrance rate, this would 
potentially indicate that lack of insurance was a barrier to vaccination. However, this was not the 
case, suggesting that the Vaccines for Children (VFC) program is working by providing the 
necessary resources for parents to overcome any potential vaccination access barriers associated 
with lack of health insurance. 
The findings also suggest that the policy was generally less effective in reducing provisional 
entry rate in areas with more adults with less than a high school diploma. The existing outreach 
campaigns advertising the policy change may not have been as effective in reaching these 
communities. 
Pennsylvania’s overall trends were not reflected in Philadelphia. The racial composition of 
communities was less consistent in predicting provisional entry rate in Philadelphia than 
statewide. Similarly, the percentage of adults with less than a high school diploma was not a 
significant predictor of provisional entry rate in Philadelphia, even though it was at the state 
level. These differences can be attributed to the fact that Pennsylvania and Philadelphia differ 
greatly in terms of size and overall population characteristics. While state-level analysis provides 
insight into larger patterns, reducing the study area to a smaller region such as Philadelphia 
provides an opportunity to detect patterns unique to the city. Regions within Pennsylvania may 
vary greatly in their resources and ability to enforce vaccination policies. Understanding the 
unique characteristics of Pennsylvania regions, especially in terms of vaccination, provides an 
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opportunity for a more efficient allocation of resources in terms of launching efforts to improve 
vaccination uptake. 
A 2018 survey administered to primary care facilities in Pennsylvania found that many 
respondents identified communication of the policy change as an area for improvement 
(Srivastava et al., 2020). Statewide campaigns may benefit from targeting less educated 
populations as well as higher percent Black populations. In Philadelphia specifically, it may be 
beneficial to focus on outreach to communities with higher percent Black populations.  
There are some limitations to the analysis. The county, block group, and tract may not be 
adequate spatial units for this analysis because schools are not naturally grouped at these levels. 
Schools within a county or tract, for example, may differ in terms of setting and have different 
vaccination policy procedures or vaccination data collection methods. Generally, vaccination 
policies and data collection methods are implemented at the school district level. However, 
similar studies analyzing vaccine uptake have used these scales for analysis, and the findings still 
provide valuable insight on vaccination policies (Yang et al., 2016). The use of four different 
scales of data also provides some control for any impacts the different data aggregations may 
have on the results. The models do not capture all schools as some were missing data.  
The overall findings from this report provide insight on the policy’s impact, a foundation for 
further investigation into why it was more effective in some counties than others, and potential 
guidance for future policies and campaigns. Future research could investigate ways to reduce 
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